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Background and Motivation



Types of Solar Cells

Silicon
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Organic PV Perovskite PV Dye-Sensitized

Solar Cell (DSCQ)



40% Total energy drain in the USA comes from buildings
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DSCs in real-world action ...
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Dye-sensitized solar cell

Nanocrystalline semiconductor
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Economics: Price-to-Performance Ratio (and color options)



Materials Discovery pre-ADSP



Materials Discovery of DSC dyes
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“Top-down’ approach: Cole et al, PCCP, 16 (2014) 26684 ‘Bottom-up’ approach: Cole et al, AEM 5 (2015) 1401728




Overarching Data-Mining Strategy
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Creating molecular design rules



Molecular Design Rules




Molecular Design Rules




Molecular Design Rules
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Molecular Design Rules

mobility




Molecular Design Rules

mobility




Molecular Design Rules

e- injection




Overarching Data-Mining Strategy
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Auto-sorting a set of chemical space

Database of 118,485

molecular structures

-

i

Structure-
Property
Relationship
Filter #1

Structure-
Property
Relationship
Filter #2

A representative set of organic chemical space

#1 Apply D-m-A charge-separation criterion
Calculate u for all 118,465 molecules

Set threshold: w> 35D

Semi-empirical PM7 in MOPAC

#2 Apply D-mt-A charge-conjugation criterion

Encode bond-length Alternation calculation



Overarching Data-Mining Strategy
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Encoding D-it-A Bond-length Alternation

Example Compound BLA for each bond emanating from D (nitrogen)

Donor Intramolecular charge transfer path Acceptor

»

Charge-delocalization threshold

T

Bond-length differences betweenbonds, x and y

Bond length alternation/ A

o

Tllustration of the BLA calculation of all bonds, n, in the red fragment of the example compound.
The donor, D, is pre-selected from Hammett constants; here, D is the nitrogen on the N-Me: substituent.

The electron acceptor group begins at A, as identified by the individual BLA that first exceeds the BLA
threshold, 0.04 A, as bonds emanate from D. In this molecule, this BLA (0.069 A) lies between bond 8 and 9.

The overall BLA for the D-1-A molecular fragment is 0.0308 A, ie. significantly less than the threshold,
BLA < 0.04 A. Thus, this molecule passes the charge-delocalization criteria in the filtering algorithm.




Overarching Data-Mining Strategy

0 1 2 = - > [log N]

Large Database of Diverse Range of Organic Molecules, N = 118,465

Apply D-1t-A charge-separation criteria ‘é’
~t
[u > 5 Debye] o
‘ 3
Apply D-1t-A charge-conjugation criteria =
. ----24903 | @
[Bond-length alternation < 0.04] , Q-
Remove trivial or known
classes of D-n-Adyes | T TTTTTTTTOT 526
D-7-A-T ey Motif in
synthesis database? @~ "~TTTTTTTTTTTTTTTOOT 346 é
=
D-n-A-nt- c
e 10 o
top 10
v
«——— selecteddye ------------ 1

:R=Me| o} [
2: R=Ph 2 \—\‘,-"K




Experimental Validation



DSC Device Testing
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Molecular Building Blocks of DSC Dyes

c.g.

MK-2 [PV eft: 7.7%] MK-44 [PV eft: 1.8%]



Materials discovery of DSC dyes

Molecular building blocks of predicted new classes of DSC dyes
- 1/3 world’s best performance DSC dye in experimental validation

—> Far from a null result - Prediction strategy works!
(and should improve with further refinement of data-mining method)

No significant dye aggregation effects observed in 1 or 2

1 and 2 exhibit unusually high melting points

Use custom-made material databases?



Database Auto-generation tools



ChemDataExtractor
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www.chemdataextractor.org

M. C. Swain, J. M. Cole J. Chem. Inf. Model. 56 (2016) 1894-1904
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ChemDataExtractor

Sentence
Splitting

!

Tokenization

!

Part-of-speech
Tagging

!

Entity
Recognition

!

Phrase Parsing

!

Information
Extraction

!

Interdependency
Resolution

!

Database
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Figure 2 shows the UV-vis absorption
spectra of 3a (red) and 3b (blue) in acetonitrile.

Figure 2 shows the | UV-vis absorption @ spectra of

3a ( red ) and 3b ( |blue ) in acetonitrile

Figure 2 shows the | UV-vis absorption | spectra of
NN CD VBZ DT NN NN NNS IN
3a ( red ) and 3b ( |blue ) in | acetonitrile
NN JJ CcC NN JJ IN CM
Figure
-
[ 1
2 Spectrum
| | L | |
Type Of Of In
 ———— —I— — |
UV-vis | absorption 3a red 3b blue | acetonitrile
3a —  2-[2-[4-(dimethylamino)phenyl]diazenyl]-benzoic acid
3b —  2-[2-[4-(dipropylamino)phenyl]ldiazenyl]-benzoic acid



ChemDataExtractor

Table

Heading Type

1

Heading Data

1

Cell Data

1

Interdependency

resolution
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Database
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Dye
3a

1

A pe/NM (s/Mn1 cm.’)
448 (29,000)

N\

UV-vis Absorption

Chemical Identifier

Extinction

1

uvvis units nm
extinction units  M-1cm-1
A 4 »
uvvis 448
label 3a o
extinction 29000
Caption |+ temperature 298 K
e —
Footnote | solvent acetonitrile
e




ChemDataExtractor

The dye 2-[2-[4-(dimethylamino)phenyl]diazenyl]-benzoic acid (3a) was added...

UV-vis spectra were recorded using an Agilent8453 diode array spectrophotometer.

Y

“name”: “2-[2-[4-(dimethylamino)phenyll]diazenyl]-benzoic acid”,
“label”: “3a”,
“uvvis”: [ {
“solvent”: “acetonitrile”,
“apparatus”: “Agilent8453 diode array spectrophotometer”,
“peaks”: [ {“wavelength”: “448”, “extinction”: “29,000” } 1,

f N

}

. . . : i Dye Ao /nm (/M7 em™)
Figure 2: UV-vis absorption spectra of 3a in acetonitrile. = —
3a 448 (29,000)

3b 415 (48,000)




ChemDataExtractor

precision recall F-score
TP chemical names 97.4% 96.3% 96.8%
precision = ﬂ alphanumeric labels 99.3% 97.3% 98.3%
©+ full chemical identifier records 94.1% 92.7% 93.4%
TP
recall = TP + EN precision recall F-score
spectrum type 99.9% 96.7% 98.4%
Escore = 3- precnswn-recall chemical subject 93.4% 90.3% 91.8%
precision -+ recall peak values 98.6% 95.4% 96.9%
solvent 99.5% 96.7% 98.1%
temperature 100% 87.5% 93.3%
apparatus 96.9% 91.0% 93.8%
full spectrum records 88.3% 85.4% 86.8%
precision recall P-score precision recall F-score
chemical identifier records 94.1% 92.7% 93.4% property value 100% 95.9% 97.9%
SPECtmn'l X'ECOrd5 \'\\'1 .300 SS.“OU S(\S L‘L‘ propen-y U.ﬂltS l()()ou 94.800 9-; 0.‘.\
chemical property records 93.5% 89.6% 91.5% chemical subject 93.5% 89.6% 91.5%
solvent 100% 94.4% 97.1%
temperature 100% 88.9% 94.1%
apparatus 100% 87.5% 93.3%

full property records 93.5% 89.6% 91.5%



absorbance (a.u.)

Materials discovery of new DSC dyes
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Materials Discovery ‘Take #2’
- The ADSP project



Overview of Project:

4 Key Steps * Machine learning
] * Quantum-chemical
Material calculations (o)
Apply/Create Software structure
Tools for Data Extraction:
) %ChemDataExtractor T AE Physical
Academic : properties
Literature Stage 1 Stage 2
Data Extraction Data Enrichment
Data Sources Databases Enriched Data
Feedback
* Materials
Prediction
* Experimental
Validation
Stage 4 Stage 3
Prediction & _
Validation Create algorithms for

materials prediction




Step 1: Data Extraction

* Negotiating publisher agreements

* Royal Society of Chemistry | e T
e FElsevier Scientific * Chemical

. Literature| ———1 Database
° Wlley L) =
 Springer ' ]

e Parallelization of ChemDataExtractor code for Mira and Theta

* MongoDB for storing data



Stage 2: Enriching Data with Machine Learning and Quantum-Chemical Calculations

Chemical | property(1) | property(2) Molecular
(SMILES) descriptor

______ —— P

o~

Missing Data

Machine learning:

Neural network,
Random forest...

Feature vector

Predict Missing Data

10110110

10111110...
11110101...
11011010...

Training Data

=

Scientific
Literature

e ———r

l

I_E)ChemDataExtractor

[Text- and table-mining
to auto-extract paired up
material & property data]

v

———— Store & query
Chen;lacal data on Theta
Database w/ MongoDB

Materials Database auto-
%neration via data-miny

|

Augmenting Data with
Quantum-Chemical Calculations
(We have developed a high-
throughput workflow that pairs
experimental measurements on a
chemical with its molecular wave
function: for property prediction)

@put SMILES (text-string t@

represents each compound)

A4

KOpenBabeI (create moIecuI;
conformation variants for
each compound; choose
low energy conformers)

A4
e a

MOPAC (semi-empirical
calcns on each compound)
J/

.

NWChem (density functional
theory on each compound,
using output from semi-
empirical calcns as input)

&
° 1

v SOM l
N o™

electronic Property
structure data

Quantum-chemical auto-

kgenerating workflow /




High-throughput Computation

So far...

18,309 lambda max values from experiments

*9,094 compounds.

*4,519 computed with DFT and sTDA/sTDDFT .

*(sTDXX 1s an approximation to TDDFT)

*917 possible candidates to be computed with Linear Response Coupled Cluster

Filtered
2000 2000

1750 1750

1500 1500

1250 A

1000 Ji

1250

1000

750 750

500 500 1

250 1 250

0 0 T T T T
0.0 0.2 04 0.6 0.8 10 200 300 400 500 600 700 800 %0 1000

First Oscillator Strength lamda



Step 3: Design materials prediction

Case studies:

Cole, Vazquez-Mayagoitia et al, ACS Appl. Mater. & Interfaces, 9 (2017) 25952-25961.



Step 3: Prediction workflows

ChembDataExtractor
Database
(9,431 dyes)

Remove small dyes, inorganic dyes, or dyes that do not
absorb in the solar spectrum

(3053 dyes)
A

Overall optical

absorption
spectrum
Dye 1l Dye 3

Wavelength

Substructure Searching for Anchor and Semi-
Empirical Dipole Calculations

(309 dyes)

Single Point Density
Functional Theory

Optical absorption

(29 dyes)

Y

Final Selection for
Experimental Validation
(2-4 dyes)



Step 3: Prediction workflows

ChembDataExtractor
Database
(9,431 dyes)

Remove small dyes, inorganic dyes, or dyes that do not
absorb in the solar spectrum

(3053 dyes)

Overall optical

absorption
spectrum
Dye 1l Dye 3

Wavelength

Substructure Searching for Anchor and Semi-
Empirical Dipole Calculations

(309 dyes)

Single Point Density
Functional Theory

Optical absorption

(29 dyes)

4

permenanaianion | Step 4: Experimental Validation (NOW)

(2-4 dyes)

Y




Next Steps

* More Data: New Data Extraction capabilities:  |=< Figuredatabxtracto

 More Theta/Mira calculations g como smomane ot 20001 o o2
« Computation versus Experiment
e Data enrichment: Machine Learning | H

* Algorithm Design for Structure-Function relationships:
* (ase studies using DFT and MD

* Experimental Validation (CNM)
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